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Texture analysis enhances diagnostic accuracy of lesions scored as 
5 in the Prostate Imaging Reporting and Data System in magnetic 
resonance imaging

PURPOSE
Prostatitis is frequently observed in false-positive lesions scored as 5 in the Prostate Imaging Re-
porting and Data System (PI-RADS), necessitating improved diagnostic tools. This study investi-
gated the potential of magnetic resonance imaging (MRI) texture analysis of apparent diffusion 
coefficient (ADC) sequences to enhance the differentiation of prostatitis from prostate cancer (PCa) 
in PI-RADS 5 lesions.

METHODS
This retrospective study enrolled patients undergoing 3.0-T MRI with lesions scored as PI-RADS 5. 
Lesions were manually delineated on ADC maps, and texture features were extracted using FireV-
oxel. Clinical data and ADC texture parameters were collected. The diagnostic performance [area 
under the curve (AUC), sensitivity (SEN), specificity (SPE), positive predictive value (PPV), negative 
predictive value (NPV)] of the clinical data, ADC texture, and a combined model were calculated 
and compared using the DeLong test.

RESULTS
The final cohort included 189 patients with 189 PI-RADS 5 lesions (164 PCa, 25 prostatitis). The 
combined model, incorporating clinical indicators (age, prostate-specific antigen density) and ADC 
texture parameters (signal coefficient of variation, ADC percentile), revealed the optimal diagnostic 
performance: SEN 98.7%, SPE 60.0%, PPV 97.9%, NPV 71.6%, and AUC 93.1%. Bootstrap resampling 
verified the robustness of the model. Decision curve analysis indicated an improved net benefit 
with the combined model for guiding biopsy decisions.

CONCLUSION
ADC imaging texture parameters are valuable for the differential diagnosis of prostatitis from le-
sions scored as PI-RADS 5. Their combination with clinical indicators substantially improves diag-
nostic performance, providing valuable information to facilitate surgical decision-making and po-
tentially reduce unnecessary biopsies.

CLINICAL SIGNIFICANCE
This study addresses a critical limitation of the current PI-RADS system, which exhibits a notable 
rate of false positives in high-risk PI-RADS 5 lesions. By demonstrating the added value of quanti-
tative ADC texture analysis in this specific diagnostic challenge, this research offers a practical and 
potentially translatable approach to reducing the number of unnecessary biopsies for PI-RADS 5 
lesions.
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Advances in magnetic resonance imag-
ing (MRI) have substantially enhanced 
the detection and diagnosis of pros-

tate cancer (PCa).1-4 The introduction of the 
Prostate Imaging Reporting and Data System 
(PI-RADS)5 has established a crucial commu-
nication bridge between radiologists and 
clinicians. However, a notable issue with PI-
RADS scores of 4 and 5 (considered high-risk 
lesions) is the high rate of false positives.6,7 
Notably, 15%–35% of these high-risk lesions 
are histologically benign,8 and false-posi-
tive results lead to unnecessary biopsies,9,10 
which are invasive procedures that carry 
risks of complications and can erode the 
trust between clinicians and radiologists. The 
PI-RADS scoring system,11,12 mainly based on 
signal intensity, may not fully capture the 
pathological changes in lesions. 

Previous studies have revealed that 
among lesions with a PI-RADS score of 4 or 
5 in the prostate, 14.8% (27/182) are benign, 
with 81.5% (22/27) of these benign cases di-
agnosed as prostatitis.13 Studies have identi-
fied that apparent diffusion coefficient (ADC) 
values ​​can help reduce false positives in PI-
RADS 4 and 5 lesions.14 However, research 
has not fully explored the imaging data, and 
the effectiveness of reducing false positives 
is limited. The development of radiomics has 
brought new advancements to the diagno-
sis of PCa.15 Studies have demonstrated that 
radiomics can be used to differentiate the 
malignancy of PCa and distinguish clinically 
significant PCa with PI-RADS scores of 4 and 
5.16 However, radiomics faces several chal-
lenges, such as poor model generalizability, 
lack of biological interpretability, and high 
computational costs. Texture analysis is an 
essential component of radiomics and plays 

a crucial role in medical image analysis. By 
quantifying grayscale patterns and intensity 
variations in images, texture analysis pro-
vides deep insights into tissue heterogeneity 
and pathological features. This method has 
demonstrated substantial diagnostic efficacy 
in various medical applications, particularly 
in tumor detection and grading.17 Research 
has indicated that texture analysis can be 
used to distinguish between benign and 
malignant diseases and to assess the malig-
nancy of PCa.18 However, this approach has 
not been applied to detecting lesions with 
PI-RADS scores of 5. This study aims to use 
quantitative imaging biomarkers to differen-
tiate between cancerous and non-cancerous 
lesions with PI-RADS 5 scores, exploring their 
diagnostic accuracy. 

Methods

Patient selection 

This study was approved by the Ethics 
Committee of The First Affiliated Hospital of 
Nanjing Medical University (protocol num-
ber: 2023-SRFA-467, date: 03.14.2023), with 
informed consent waived due to the retro-
spective nature of the study. We identified 
consecutive patients who underwent stan-
dard pelvic MRI examination before treat-
ment by reviewing the department database 
for records from the period of January 2021 
to July 2024. Clinical characteristics were ob-
tained from the patient records in our hos-
pital. Histopathological results were verified 
through cognitive fusion biopsies, transure-
thral resection of the prostate, and radical 
prostatectomy. Patients with the following 
criteria were included: (a) no prior hormonal 
or radiation treatment; (b) diffusion-weight-
ed imaging (DWI) performed on a 3.0-T MRI 
scanner and with unified sequence parame-
ters; and (c) lesions with pathologically con-
firmed PCa or prostatitis, with MRI demon-
strating at least one lesion with a diameter 
≥1.5 cm.

Clinical and laboratory data

Demographic data included age, and clin-
ical data included the prostate-specific anti-
gen (PSA) level and serum white blood cell 
count. The prostate volume was calculated 
using the following formula: (maximum an-
teroposterior diameter) × (maximum trans-
verse diameter) × (maximum longitudinal 
diameter) × 0.52. PSA density (PSAD) was 
calculated by dividing the PSA level by the 
prostate volume. 

Magnetic resonance imaging acquisition 

All patients underwent a standardized 
prostate examination using 3.0-T MRI (Verio/
Skyra, Siemens, Erlangen, Germany; u770, 
United Imaging, Shanghai, China) related to 
the probability of subsequent PSA progres-
sion (26), which complied with the PI-RADS 
guidelines. The multi-parametric MRI proto-
col included the following: (1) T2-weighted 
images on axial, sagittal, and coronal planes; 
(2) DWI on the axial plane with automatically 
generated ADC maps; and (3) T1-weighted 
sequences on axial planes with and without 
fat saturation. The MRI protocol technical de-
tails are listed in Table 1.

Imaging and histological correlation 

The pathological results were taken as the 
“gold standard.” The biopsy method used was 
transperineal prostate biopsy guided by the 
fusion of ultrasound and MR, and the biopsy 
was completed by experienced urologists. 
The surgical methods included transurethral 
prostatectomy and radical prostatectomy. 
The prostate samples obtained through the 
above methods were uniformly processed 
and sent to the pathology department for 
diagnosis. A genitourinary pathologist with 
10 years of experience in genitourinary his-
topathology reviewed all the sample sec-
tions. Pathological diagnosis was divided 
into benign and malignant. Benign lesions 
included benign prostatic hyperplasia, pros-
tatitis, abscess, and normal prostate tissue. 
Cases of PCa were graded according to the 
2005 International Society of Urological Pa-
thology Modified Gleason Grading System. 
Malignant lesions were further classified into 
Gleason score (GS) pathological grades: GS = 
3 + 3, 3 + 4, and 4 + 3 and GS ≥ 4 + 4. 

Texture analysis

All data were transferred in Digital Imaging 
and Communications in Medicine format. The 
region of interest (ROI) was manually delin-
eated slice by slice along the boundaries of 
the tumor by one radiologist (8 years of clin-
ical experience in prostate imaging), and the 
segmentations were cross-checked by anoth-
er two experienced genitourinary specialist 
radiologists. FireVoxel (CAI2R, New York, NY, 
USA),19 was used for the three-dimensional 
segmentation of the prostate lesions. Since 
PI-RADS 5 lesions all have a diameter >1.5 cm, 
we only selected the largest main lesion for 
each patient. First order and geometrical fea-
tures were automatically extracted by FireV-
oxel. Based on histogram analysis, the follow-
ing parameters were derived from the ADC 

Main points

•	 Texture analysis of apparent diffusion coef-
ficient (ADC) maps enhances differentiation 
of prostate cancer (PCa) from benign pros-
tatitis in lesions scored as 5 in the Prostate 
Imaging Reporting and Data System (PI-
RADS), reducing false positives and unnec-
essary biopsies.

•	 Age, prostate-specific antigen density, and 
ADC texture parameters (signal coefficient 
of variation, ADC percentile) are indepen-
dent predictors for distinguishing prostatitis 
from PCa in PI-RADS 5 lesions.

•	 A combined model integrating clinical and 
ADC texture parameters achieves superior 
diagnostic accuracy (area under the curve 
93.1%) and clinical utility for improved pa-
tient management.
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map: (a) minimum; (b) maximum; (c) mean; 
(d) kurtosis, which is the degree of peaked-
ness of a distribution; (e) skewness, which 
is a measure of the degree of asymmetry of 
a distribution; (f ) entropy, which quantifies 
the randomness of the gray-level distribution 
in an image, with higher values indicating a 
more dispersed and complex distribution of 
gray-level values; (g) coefficient of variation 
(COV), which quantifies the relative variability 
of pixel values, normalized by the mean inten-
sity, making it useful for comparing hetero-
geneity across different images or ROIs; and 
(h) variance, which quantifies the dispersion 
of pixel values around the mean in the ADC, 
with greater variance reflecting increased tis-
sue heterogeneity. For the cumulative histo-
gram, the 25th, 50th, and 75th percentiles of the 
tumor ADC were derived (the nth percentile is 
the point at which n% of the voxel values that 
form the histogram are found to the left).

Statistical analysis

MedCalc Statistical Software, version 
23.0.8 (MedCalc Software Ltd, Ostend, Bel-
gium) was used for statistical analysis, with 
P < 0.05 considered statistically significant. 
The PI-RADS 5 lesions were divided into a 
PCa group and an inflammation group based 
on the pathological results. The Shapiro–Wilk 
and Kolmogorov–Smirnov tests were used to 
test the normal distribution of measurement 
data, and the Levene test was used to test 
the homogeneity of variance of measure-
ment data. According to the test results, the 
normal distribution data were expressed as 
mean ± standard deviation (SD), the skewed 
distribution data were expressed as the me-
dian [upper and lower quartile (M (Q1, Q3))], 
and the measurement data were expressed 
as n (%). 

Univariate and multivariate analyses were 
used to screen the independent risk factors 
for identifying inflammation and PCa in pa-
tients with PI-RADS 5 scores. If two param-
eters were highly correlated (e.g., PSA and 
PSAD, |r| > 0.7), the variable with greater clini-
cal significance or a smaller P value in the uni-
variate analysis was retained. The indepen-
dent risk factors were combined to establish 
clinical ADC texture and combined models; 
the receiver operating characteristic (ROC) 
curve was drawn for the different screened 
models. The efficacy of different factors and 
models in differentiating PCa from inflamma-
tion in PI-RADS 5 lesions was evaluated. The 
area under the ROC curve (AUC) was used for 
quantification. Diagnostic sensitivity (SEN), 
specificity (SPE), positive predictive value 
(PPV), and negative predictive value (NPV) 
were calculated at the cut-off point with the 
largest Youden index. To perform decision 
curve analysis, R version 3.5.1 was used; this 
evaluates the clinical utility of the diagnostic 
models by assessing the net benefit of using 
the models to guide clinical decisions. 

To evaluate the internal validity and pre-
dictive performance of the combined model, 
bootstrap resampling was used to generate 
1,000 random samples with replacements 
(Python 3.13, with the sklearn.metrics and 
matplotlib.pyplot libraries). The ROC curve 
and its confidence interval (CI) were gener-
ated by calculating the mean and 95% CI of 
the bootstrap sample area under the curve 
(AUC) as well as the mean and 95% CI (SD 
multiplied by 1.96) of the interpolated true 
positive rate. This method provides a robust 
estimate of model performance and quanti-
fies the uncertainty from the limited sample. 

Results

Patient and lesion characteristics

The process of patient exclusion and in-
clusion is shown in Figure 1. A total of 189 
patients were finally included, with a total of 
189 tumor foci with a diameter > 1.5 cm de-
tected in histological findings. Of the included 
lesions, 108 (57.1%) originated in the periph-
eral zone (PZ), 54 (28.5%) in the transition zone 
(TZ), and the remaining 27 (14.3%)in both the 
PZ and TZ. The median prostate volume was 
27.5 mL (33.5–49.2 mL). The clinical character-
istics of the patients and the tumor foci ROIs 
are summarized in Table 2. Representative MRI 
images and ADC histograms of the PCa and 
prostatitis cases are shown in Figures 2 and 3.

Clinical apparent diffusion coefficient tex-
ture parameters for predicting prostatitis 
from PI-RADS 5 lesions

Univariate and multivariate analyses were 
conducted to identify independent risk fac-
tors for differentiating inflammation in PI-
RADS 5 lesions. Based on the clinical data, 
the results showed that age [odds ratio (OR): 
1.081 (95% CI: 1.017–1.149)] and PSAD [OR: 
35.540 (95% CI: 3.534–357.449)] are indepen-
dent risk factors for diagnosing prostatitis. 
Based on texture feature data from whole-tu-
mor ADC image analysis, ADC percentage 
values are independent risk factors for pre-
dicting prostatitis in PI-RADS 5 lesions (OR: 
0.983–0.998), and signal COV has the highest 
OR value [OR: 1.587.241.411 (95% CI: 3.431–
7.342 E + 11)] (Table 3). In these predictive 
parameters, age, PSAD, and signal COV are 
positively correlated with the prediction out-
come, whereas the other variables show a 
negative correlation.

Table 1. Prostatic magnetic resonance imaging parameters of the 3.0-T scanner
Parameters Imaging sequence 

T2WI T1WI DWI

Repetition time (msec) 6.000 600 6.000

Echo time 105 24 82

Field of view (cm²) 22 22 22

Matrix 384 × 384 384 × 384 128 × 128

Section thickness (mm) 3.5 3.5 3.5

Flip angle (degree) 110 90 90

b value (sec/mm²)  … … 0, 500, 1,000, and 1,500

Number of slices 25 23 23

Number of averages 2 2 2

Bandwidth/pixel 180 180 2.060

Parallel factors 2 2 2

Acquisition time (min) 3:46 3:30 3:48

T2WI, T2-weighted imaging; T1WI, T1-weighted imaging; DWI, diffusion-weighted imaging.
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Model diagnostic performance 

Table 4 and Figure 4A demonstrate the 
diagnostic efficacy of different diagnostic 
models. Age and PSAD were integrated into 
the clinical model with diagnostic efficacy as 
follows: AUC of 84.6%, SEN of 97.4%, SPE of 
16.0%, PPV of 95.7%, and NPV of 25.1%. The 
ADC texture model includes two parameters: 
the ADC median and signal COV. The diag-
nostic efficacy of this model is as follows: AUC 
of 86.5%, SEN of 88.1%, SPE of 44.4%, PPV 
of 96.8%, and NPV of 16.4%. The combined 
model shows a significant improvement in 
diagnostic performance compared with the 
two models mentioned above. The diagnos-
tic efficacy is as follows: AUC of 93.1%, SEN 
of 98.7%, SPE of 60.0%, PPV of 97.9%, and 
NPV of 71.6%. There was no significant dif-
ference in diagnostic performance between 
the ADC texture model and clinical model (P 
= 0.7697). The decision curve showed that 
when the threshold was between 0.1 and 0.8 
(Figure 4B), the combined model obtained 
significant clinical benefits when deciding 
whether to perform a biopsy. The bootstrap 
results showed that the performance of the 
combined model was robust [93.2% (95% CI: 
85.6%–98.6%); Figure 5] in internal validation 
and superior to either the clinical model or 
the ADC texture model. 

Discussion
The present study determined that tex-

ture analysis of ADC MRI combined with 

clinical parameters significantly improved 
the differentiation of prostatitis from PCa in 
PI-RADS 5 lesions. Improving the PPV of PI-
RADS 5 lesions can potentially reduce unnec-
essary biopsies and the associated patient 
anxiety and morbidity. It might also lead to 
more appropriate treatment strategies based 
on a more accurate diagnosis.

Previous studies have demonstrated that 
PSAD identifies significant differences be-
tween prostatitis and PCa20 and is significant-
ly more effective than PSA in differentiating 
between benign and malignant histology. 
Integration of PSAD into decision-making 
for prostate biopsy may facilitate improved 
risk-adjusted care.21-23 These findings are con-
sistent with those of the present study. How-
ever, after using simple clinical parameters to 
build a prediction model, the AUC of the clin-
ical model was significantly lower than that 
of the model constructed using ADC texture 
analysis, demonstrating the limitations of 
PSAD in identification. In addition, MRI not 
only measures prostate volume but also ex-
tracts texture features from ADC maps, mak-
ing it a key supplementary source of data 
beyond clinical indicators. We found that in 
PI-RADS 5 lesions, the ADC parameters of the 
tumor were significantly lower than those of 
the inflammation group, which is consistent 
with previous studies.24,25 However, our study 
only focused on PI-RADS 5 lesions, where-
as other studies did not differentiate lesion 
PI-RADS scores; therefore, the numerical 
differences were greater than in this study. 

The narrowed data difference reflects the dif-
ficulty of the accurate diagnosis of PI-RADS 
5 lesions and reflects the inadequacy of the 
PI-RADS scoring system, which is based on 
subjective qualitative evaluation of MRI. 
This reflects the importance of quantitative 
indicators for accurate diagnosis of prostate 
lesions, which may be of reference value for 
the future development of PI-RADS. In our 
study, there was no significant difference in 
histogram skewness, histogram kurtosis, or 
histogram entropy. This is inconsistent with 
previous findings and may be related to the 
small number of samples we included, espe-
cially the small number of prostate inflam-
mation cases.

The study by Cheng et al.26 found that 
combining clinical parameters and ADC val-
ues​​ improved the PPV of PI-RADS 5 lesions, 
which is similar to our results, but they used 
the ADC mean and minimum without tex-
ture analysis to fully explore the possible 
morphological differences between PCa 
and inflammation. The study by Bonaffini et 
al.16 used radiomics to distinguish PCa from 
non-cancer cases. However, with the deep-
ening of radiomics research, it was found that 
the spatial resolution of MRI is still far behind 
that of computed tomography, and prostate 
lesions are usually small. Smaller ROIs may 
not fully utilize the advantages of radiomics, 
which, in turn, affects repeatability and lim-
its interpretability. Texture analysis goes be-
yond simple visual inspection and provides 
objective measures of tissue heterogeneity. 
Therefore, our expectation is that texture 
analysis can help distinguish between tumor 
and non-tumor PI-RADS 5 lesions. The results 
of our study validate our assumptions.

Based on previous research evidence, 
the findings of this study may be associated 
with the corresponding pathophysiologi-
cal changes. Although PCa and prostate in-
flammation show a decrease in ADC signal, 
the mechanisms of the two are significantly 
different. The mechanism of ADC decrease in 
PCa is mainly caused by the increase in cell 
density per unit of volume caused by abnor-
mal tumor proliferation,27-29 which restricts 
the diffusion of water molecules between 
cells. Inflammation is related to cell infiltra-
tion in the acute phase and fibrous repair in 
the chronic phase.28 Compared with the sig-
nificant decrease in tumor ADC value, the de-
crease in inflammation ADC value is relative-
ly mild. Histogram analysis of texture analysis 
can detect the above changes well on MRI.

The study’s strengths include the use 
of appropriate, reasonable, and interpre-
table methods to perform texture analysis 

Figure 1. Flowchart of patient exclusion and inclusion. PI-RADS, Prostate Imaging Reporting and Data 
System; MRI, magnetic resonance imaging; PCa, prostate cancer.
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Table 2. Patient and lesion characteristics

Lesions (n = 189) Prostatitis (n = 25) Prostate cancer (n = 164) P value

Clinical features

Age (years) 67.7 ± 7.2 72.0 ± 8.1 0.010

PSA (ng/mL) 8.6 (5.9–17.8) 15.1 (9.8–30.2) 0.002

PSAD (ng/mL2) 0.18 (0.12–0.39) 0.48 (0.25–0.88) < 0.001

Prostate volume (mL) 49.8 (35.0–60.5) 32.0 (26.5–42.9) < 0.001

WBC (×109/L) 6.8 (5.5–8.6) 5.9 (5.2–7.3) 0.136

Location

PZ (n, %) 12 (11.2) 96 (88.8)

TZ (n, %) 10 (18.9) 44 (81.1)

PZ + TZ (n, %) 3 (12.0) 24 (88.0)

ISUP grade group (n/%)

1 (GS: 3 + 3) 4 (2.4)

2 (GS: 3 + 4) 34 (20.7)

3 (GS: 4 + 3) 70 (42.6)

4 (GS: 8) 3 (20.7)

5 (GS ≥ 9) 22 (13.4)

Specimen types (n/%)

Biopsy 16 (64.0) 34 (20.7)

TURP 1 (4.0) 7 (4.3)

Radical surgery + biopsy 2 (8.0) 74 (45.1)

TURP + biopsy 6 (24.0) 21 (12.8)

Radical surgery 28 (17.0)

PSA, prostate-specific antigen; PSAD, prostate-specific antigen density; WBC, white blood cell; GS, Gleason score; ISUP, International Society of Urological Pathology; TURP, 
transurethral resection of the prostate; PZ, peripheral zone; TZ, transition zone.

Figure 2. Magnetic resonance imaging (MRI) of prostate cancer (PCa) and prostatitis: (a-c) MRI images of patients with PCa; (d-f) MRI images of patients with 
prostatitis; (a, d) focal, low-signal lesions in the peripheral zone on T2-weighted imaging; (b, e) significant low signal on the apparent diffusion coefficient (ADC); (c, 
f) segmentation images on the ADC; both scored as Prostate Imaging Reporting and Data System 5.

a

d

b

e

c

f
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Figure 3. Comparison of whole-tumor histogram analysis of apparent diffusion coefficients (ADCs) between prostate cancer (PCa) and prostatitis: PCa foci (a) 
showing a higher relative frequency at low ADCs than (b) prostatitis foci, resulting in significant divergence between prostatitis and PCa at the high end of the 
cumulative ADC histogram. This suggests that PCa contained more pixels with low ADCs, indicating high cellularity. Std. Dev., Standard deviation. 

a b

Table 3. Clinical and apparent diffusion coefficient texture univariate and multivariate analyses

Univariate analysis Multivariate analysis

Clinical OR (95% CI) P value OR (95% CI) P value

Age (years) 1.069 (1.013–1.128) 0.015 1.081 (1.017–1.149) 0.012

PSA (ng/mL) 1.053 (1.009–1.098) 0.017

Prostate volume (mL) 0.986 (0.961–0.991) 0.002 0.990 (0.971–1.009) 0.291

WBC (×109/L) 0.776 (0.619–0.972) 0.028

PSAD (ng/mL2) 68.469 (6.074–771.759) 0.001 35.540 (3.534–357.449) 0.002

ADC texture

Histogram skewness 1.787 (0.617–5.177) 0.457

Histogram kurtosis 1.050 (0.701–1.570) 0.971

Histogram entropy 0.213 (0.012–3.743) 0.246

ADC minimum 0.990 (0.986–0.995) < 0.001

ADC 5% 0.983 (0.977–0.989) < 0.001

ADC 25% 0.986 (0.981–0.991) < 0.001

ADC median 0.987 (0.982–0.992) < 0.001 0.990 (0.985–0.995) <0.001

ADC 75% 0.989 (0.984–0.993) < 0.001

ADC 95% 0.992 (0.988–0.996) < 0.001

ADC maximum 0.998 (0.995–1.000) 0.063

ADC mean 0.986 (0.981–0.991) < 0.001

Signal COV 1.520 E+11 (1,674,931.931–1.379 E + 16) < 0.001 1,587,241.411 (3.431–7.342 E + 11) 0.032

Signal SD 1.012 (0.997–1.026) 0.084

PSA, prostate-specific antigen; PSAD, prostate-specific antigen density; WBC, white blood cell; ADC, apparent diffusion coefficient; COV, coefficient of variation; SD, standard 
deviation; CI, confidence interval; OR, odds ratio.

Table 4. Diagnostic performance of different diagnostic models

AUC (%) SEN (%) SPE (%) PPV (%) NPV (95%) ACC

Clinical modelab 84.6 (78.5–89.4) 97.4 (93.6–99.3) 16.0 (4.5–36.1) 95.7 (94.8–96.3) 25.1 (8.2–55.6) 93.4 (88.8–96.5)

ADC texture modelac 86.5 (80.7–91.1) 88.1 (82.3–92.4) 44.4 (13.7–78.8) 96.8 (94.3–98.1) 16.4 (7.8–31.0) 85.9 (80.0–90.6)

Combined modelbc 93.1 (88.4–96.3) 98.7 (95.5–99.8) 60.0 (38.6–78.8) 97.9 (96.6–98.7) 71.6 (38.0–91.2) 96.8 (93.1–98.8)
a: Clinical model vs. ADC texture model: P = 0.7697.
b: Clinical model vs. combined model: P = 0.0038.
c: ADC texture model vs. combined model: P = 0.0812. 
AUC, area under the curve; SEN, sensitivity; SPE, specificity; PPV, positive predictive value; NPV, negative predictive value; ADC, apparent diffusion coefficient; ACC, accuracy. 
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for accurate diagnosis of MRI-visible lesions 
assigned a score of PI-RADS 5. The volume 
of the prostate and the lesions within it are 
small, the ADC spatial resolution is not high, 
and the organs and lesions themselves and 
the scanning sequence parameters limit the 
full play of high-throughput, multi-dimen-
sional image analysis methods such as ra-
diomics. The combination of texture analysis 
parameters and clinical indicators for predic-
tion improves the accuracy of the diagnosis 
of lesions classified as PI-RADS 5. This diag-
nostic model not only further distinguishes 
the nature of lesions based on the existing 
PI-RADS but also serves as a supplement and 
improvement to PI-RADS.

From a total of 829 consecutive cases 
screened as PI-RADS 5 in a single center, we 
selected 189 cases that had complete clinical, 
imaging, and pathological data. These cases 
were closer to real-world cases. The sample 
size of prostatitis cases in this study is limited, 
which may lead to potential overfitting in the 
constructed model. To address this issue, the 
bootstrap method was employed for internal 
validation, ultimately verifying the diagnos-
tic accuracy of the newly developed model.

Our study is subject to certain limita-
tions. It is a single-center investigation with 
a limited sample size of prostatitis cases, 
and external validation has not been con-
ducted. We plan to conduct a multi-center, 

large-sample study in the future. Inter-read-
er variability in ROI drawing, although min-
imized by training, is still a potential factor 
influencing the model’s accuracy. Although 
the machine scanning parameters are the 
same, we used three different machine mod-
els from two manufacturers. Existing studies 
have verified that different equipment mod-
els can lead to significant inconsistencies 
in radiomic feature extraction; for instance, 
Tocilă-Mătășel et al.30 reported that texture 
features varied when acquired from differ-
ent MRI scanners with different parameters. 
Hajianfar et al.31 further verified that such 
equipment-induced variability could reduce 
the robustness of radiomics models in clini-
cal applications. The impact of different ma-
chine models on texture analysis needs to be 
further studied, especially regarding how to 
mitigate its interference with the robustness 
of results.

In conclusion, ADC texture parameters 
(signal COV, ADC median), PSAD, and age 
are independent risk factors for distinguish-
ing PCa and prostatitis in PI-RADS 5 lesions. 
The ADC texture analysis of lesions with a 
PI-RADS score of 5 combined with clinical 
parameters can effectively improve the ac-
curacy of diagnosis to reduce unnecessary 
biopsies and improve patient management.  

Footnotes 
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Figure 4. Receiver operating characteristic curve (ROC) and decision curve of different models: (a) ROC analysis demonstrates superior performance of the combined 
model (area under the curve: 0.931, sensitivity: 0.987, specificity: 0.600, positive predictive value: 0.979, negative predictive value: 0.716) to the apparent diffusion 
coefficient (ADC) texture and clinical models (P < 0.05). (b) Decision curve analysis reveals the combined model provides greater clinical net benefit across risk 
thresholds (0.1–0.8) than individual models. 

a b

Figure 5. Internal validation. The bootstrap results demonstrated that the performance of the combined 
model was robust [93.2% (95% CI: 85.6%–98.6%)] in internal validation. ROC, receiver operating 
characteristic; AUC, area under the curve; CI, confidence interval. 
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